Introduction
A large number of genes regulating body mass and fat storage have been found in many organisms. The most recent edition of the Human Obesity Gene Map lists 11 single gene mutations, 244 knockout or transgenic animal models and 135 different candidate genes that have been associated with obesity-related phenotypes. Included are variants in 22 different human genes in which association with obesity-related phenotypes has been replicated in five or more independent studies [1] . In Caenorhabditis elegans, approximately 650 genes affect fat storage when inactivated by RNA interference (RNAi) screen [2 ] . In mice, a survey of 1977 knockout strains revealed that 31% of viable knockout mouse strains weighed less and an additional 3% weighed more than did in controls, suggesting that as many as 6000 genes influence mouse size [3 ] . How do we evaluate this information and how many genetic variants do we really expect to impact human obesity?
The genetic architecture of complex traits On both theoretical and experimental grounds, we expect that quantitative traits are determined by the interaction of many genes [4, 5] . The number may be surprisingly large [6] . For example, genes determining abdominal bristle number in drosophila were originally linked to seven to 11 quantitative trait loci (QTLs) [7] . Fine mapping revealed that each of these QTLs actually consist of multiple QTLs. Currently 42 QTLs have been identified, which influence abdominal bristle number, although the number may be as high as 100 [7] . In C. elegans, there are approximately 300 gene inactivations that cause fat reduction, and approximately 100 gene inactivations that cause fat accumulation without altering growth rate or viability [2 ] . Another 250 genes affecting fat storage are pleotrophic in their action; loss of function causes sterility, growth arrest or lethality [2 ] . Similarly, around a third of viable mice knockouts alter body weight besides their other effects on phenotype [3 ] .
Even such large numbers of genes fail to explain the observed variation in quantitative phenotypes. Environment and gene-environment effects are also important sources of trait variation. Some environmental effects are so strong as to mask the underlying genetic variation. Indeed, it is possible to discuss the 'runaway weight gain train' leading to human obesity without considering any role for genetics [8] . Infectious agents are also a part of this spectrum: certain strains of adenovirus have been proposed as a cause of obesity in humans, chickens and mice [9 ] . In other cases, gene-environment interactions affect trait values in locus-specific ways, for example,
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Gene-gene interactions (genetic epistasis) also influence the population estimates of effect sizes produced by variants at each trait locus (statistical epistasis): the estimated effect size is significantly different from that expected if the effect of each variant acted additively [10] . This nonlinear mode of interaction can take many forms. For example, in a multiplicative model the relative risk associated with each variant is multiplied together to produce an overall estimate of the combined risk.
Lack of statistical epistasis does not imply an absence of biological epistasis. An analysis of 12 of the possible motifs based on three interacting gene products reveals that the statistical epistasis is much more likely with topologies containing positive feedback loops [11 ] . Further, only certain combinations of genetic variants produce statistically measurable effects [11 ] . For a particular variant, penetrance and expressivity depends upon the genetic background and may vary from population to population. For example, in Drosophila melanogaster, eye development proceeds on some genetic backgrounds even when the eye mutation inactivates the master gene for eye formation [12] .
The impact of a particular genetic interaction on trait values is determined by the allele frequency of the variants at each locus. When the actions of a variant are averaged over many different genetic backgrounds, there may be no statistically detectable main effect, whereas in more homogeneous populations such effects may be readily observable [13] . Additionally, epistasis may be measurable under one set of environmental conditions, but not others [14 ] . Those variants that are most easily found in Genome Wide Association Studies (GWAS) in humans may result from positive selection of the variant on different genetic backgrounds in different environments. Given the robustness of the association, epistasis may therefore be difficult to demonstrate. Indeed, complement factor H (CFH) polymorphisms and variants at other loci independently increase risk for age-related macular degeneration, but epistasis has been reported in one [15] but not in another study [16] .
Detecting statistical epistasis computationally by randomly sampling variations from the genome becomes difficult (but not impossible) when the number of pairwise comparisons is large and is limited by the frequency of each variant [17] . For example, a pair-wise comparison of 1 million single nucleotide polymorphism (SNP) would require $10 12 calculations. Another approach, similar to those applied in model organisms, may be to identify homogeneous genetic backgrounds in isolated populations in which penetrance of a particular variant is high. Even then, the effect size is unlikely to approach that seen in Mendelian diseases [18 ] .
What is the nature of genetic variants causing common disease?
Common diseases are likely to result from the interaction of many different loci and reflect gene-gene and geneenvironment interactions. Two models have been proposed: the common variants-common disease model and the rare variants-common disease model [19, 20] . With the common variant model, the occurrence of frequent risk alleles of modest effect has been explained in terms of recent human population growth, in which a bottleneck resulting in a small number of breeding individuals was followed by rapid population expansion [20] . In the absence of strong stabilizing selective pressures, such as an infectious disease, and assuming a nucleotide mutation rate of 10 À8 corresponding to 120 new point mutations per diploid genome per generation, it is considered unlikely that new allelic variants would have arisen with sufficient frequency to cause a major impact on the population risk of disease, even given a large risk associated with a particular deleterious mutation [19, 20] . Under this scenario, quantitative trait values reflect the action or interaction of a large number of genes of modest effect and by implication, any disease associated with an extreme quantitative value will also have a large number of genetic determinants. While each child is likely to possess many risk alleles for a common disease due to their high frequency in the population, the combination is different from that of their parents, as each risk allele will be transmitted independently of all others. As a consequence, the familial risk of disease for a sibling of a proband or to a child of an affected parent (as compared to that of the general population) will be low and will not approximate that seen with Mendelian diseases where transmission of even a single allele can create a high-risk genome [21 ] .
The view that common variants account for most of the risk of common disease has been challenged on the grounds that the nucleotide mutation rate may be much higher than 10 À8 at some loci, leading to a high frequency of rare variants in many genes [19] . One class of frequent mutation results in duplication or deletion of nucleotide blocks producing copy number variation (CNV) [22, 23] . Often, CNVs contain several genes. They also can affect expression of neighboring genes [24 ] . CNVs may comprise as much as 12% of the human genome, although the precise figure is still uncertain [25 ] . They arise at high frequency in germinal tissue. One estimate is that in humans the frequency of a novel germline segmental deletion is between one in 25 and one in four live births [26] . Their formation is favored in hotspots of genomic
The fat tail of obesity Herbert 367 instability. For example, a recent study in of B6 inbred mice reported the frequency of germline CNV generation at some loci to be as high as one per 46-139 live births [27 ] .
CNVs arise commonly in somatic tissue and be unique to an individual, increasing with age as a result of doublestrand DNA break-repair by homologous recombination in adult stem cells. Studies of transgenic mice containing reporter genes reveal that cells from small intestine, liver and heart in mice 32 months of age contain $60-120 large-scale genomic rearrangements per cell. [28] . Loss in homozygosity due to homologous recombination causes loss of endogenous APRT gene activity in aged humans and mice at a frequency of 10 À4 [29, 30 ] . Up to one in 10 3 cells in the pancreas is recombinant in older mice scored using homologous recombination between two defective tandem gene copies of a yellowfluorescent reporter protein [31] . In hematopoietic and neural stem cells, homologous recombination is necessary for normal development [32] and offsets age-related decline in stem cell function [33] . Hematopoietic stem cell maintenance also requires de-novo methylation of DNA [34] , which in some systems marks sites repaired by homologous recombination [35 ] . Aneuploidy in human brain is also surprisingly common: up to 5.2% of human hippocampal cells have chromosome 21 monosomy or trisomy [36] . Aneuploidy is a frequent outcome when homologous recombination is impaired in dividing cells [37] . By extrapolation, these frequent chromosomal alterations have the potential to increase disease burden in an adult with 10-100 trillion somatic cells, either by CNV or by altered gene expression associated with de-novo methylation at the site of repair [35 ] . Those stem cell variants that survive will depend on environmental exposures, a process that can be tracked by methylation changes observed when stem cells age [38] . Selection may initiate a cascade of events leading multiplicatively to disease [39] . Since as many as 10% of cells in human crypts exhibiting stem-cell like properties, the potential impact of these processes is some tissues may be high [38] . Possible outcomes include diminished tissue function or localized pathologies such as atherosclerotic plaque.
Programmed epigenetic modifications also contribute to variability in trait values [40 ,41] . These are processes that modify DNA or histones but not the DNA sequence. They are established during embryogenesis and can restrict expression from either paternally or maternally derived chromosome or act stochastically, for example, to inactivate one copy of the X-chromosome in females. Epigenetic silencing renders the individual haploid at a locus with no readout from the homologous allele. Through such processes, maternal exposures can reprogram fetal development [40 ] , alter DNA methylation patterns [42 ] and modify the risk of obesity by altering synaptic plasticity within hypothalamic feeding centers [43] [44] [45] 46 ] . These outcomes may epigenetically increase the correlation between maternal and offspring phenotypes and so boost the apparent heritability of a trait [47 ] . They also have the potential to bias the sites where de-novo CNVs arise, increasing the chance that adult stem cells in offspring from the same mother evolve similar CNVs over a lifetime, thereby increasing the correlation between siblings, another measure of heritability. Taken together, these epigenetic processes imply a high risk of disease recurrence in offspring from the same mother.
What do we expect from genome-wide association scans?
Current designs to find genetic variants affecting particular traits focus on individuals from the tails of the population distribution for that phenotype, whether these are quantitative traits, or diseases defined by a threshold. Under the common disease-common variant hypothesis, with large samples, the tails are expected to be thin and described by a normal density function in accordance with the standard central limit theorem. Such models are less robust under the alternative hypothesis of rare variants, where the expected distribution is skewed with tails that are mathematically 'fat' [48] . The tails are best modeled, depending on the structure of the underlying data, with lognormal or power-law approximations [48] [49] [50] [51] . They arise from different sets of multiplicative processes involving either genes or environmental exposures or both affecting a small subset of individuals. For BMI, such outcomes translate into heavier individuals gaining more weight over time than lighter individuals [52] .
The current generation of genome-wide scans is moderately powered to find common SNP variants, whether they represent nucleotide or copy number changes, with a moderate relative risk of 1.2 and above [53 ] . Up to a million sites of nucleotide or CNV are mapped. Even a carefully thought out design like the Wellcome casecontrol study involving 2000 cases and 3000 common controls [54] is limited in what it can find. For example, of the variants so far found and replicated on the basis of GWAS, only in two instances does the Wellcome design have a power greater than 80% to find a genome-wide significant result at a ¼ 0.01, whereas the power for four other variants was less than 1%. Studies of 50 000 or more participants may be needed for discovery to ensure greater than 90% power to discover associations similar to those already found [53 ] .
Even when a true association is discovered, replication is not as easy as commonly proposed [55, 56 ] . If the initial study and the replication attempt have 80% power, then it is often thought that the probability of finding and independently confirming an association is 64% (¼80% Â 80%): this is only true if the estimate of the population mean is the same for both studies. A 95% confidence level from the initial study will, however, not always include the true population mean. On average, just 83.4% of future replication means will lie within these limits, assuming participants in both studies are randomly drawn from the same population [57] . The discovery and replication probability for a true association thus drops to 53.4% when both stages have 80% power (¼80% Â 80% Â 83.4%): given the additional sampling variability inherent in large studies due to allelic heterogeneity and differences in environmental exposures arising from sampling of geographically and ethnically distinct populations, the probability of replication in the real world is even lower. Under the current schema, many true positives may be inappropriately dismissed because of failure to replicate in one or two follow-up studies.
It is unlikely that genome scans based on the current generation of SNP assays will be powered to detect the full extent of CNV and other chromosomal changes present in the germline due to the low correlation between these classes of variation [58 ] . This is especially true of duplications and less so of common deletions [59] . It is even more unlikely that the current generation of scans will detect somatic changes arising in adult stem cells that increase risk of disease.
What have we found with genome-wide association scans for genes affecting lipid levels?
An example of the current generation of GWAS is provided by a recent report that identified 18 loci that are associated with blood lipid levels. Eleven of these had been previously identified through candidate gene studies (ABCA1, the APOA5-APOA4-APOC3-APOA1 and APOE-APOC clusters, APOB, CETP, GCKR, LDLR, LPL, LIPC, LIPG and PCSK9) while six were novel (near MVK-MMAB and GALNT2, near SORT1; near TRIB1, MLXIPL and ANGPTL3 and a locus encompassing several genes near NCAN) [60 ] . In total, 8816 individuals were tested in the discovery phase and 11 569 participants in the replication phase, and it is likely more variants will be discovered when samples sizes are increased further. The discovery of variants in well studied lipid synthesis pathways provides validation for both the candidate gene and GWAS approaches to mapping QTLs in humans. The GWAS result provides a useful biological insight but, for all the reasons given above, the goal of deriving a complete description of the heritable component of diseases through this approach is unlikely. Additional analysis of CNV and deep resequencing of both germline and somatic tissue DNA will provide necessary information concerning the relative impact of common and rare variants in such pathways on phenotypic and disease outcomes.
Conclusion
There are many pathways to obesity, and like other complex diseases, there will be a combination of monogenic, polygenic and epigenetic etiologies [41] . It is likely, on the basis of the results from model organisms that these outcomes will be affected by variants of a large number of different genes. The designs used in the current generation of GWAS address the common variant-common disease model and have great promise for revealing pathways leading to obesity, but not for the discovery and validation of all the variants contributing to obesity. The role of rare variants, de-novo germinal and somatic stem cell mutations in obesity needs to be addressed using other designs, as does the impact of intrauterine and environmental exposures. There is still much to be learned from the fat tail of the population.
